Although the e ects of spatial and temporal variability of precipitation on hydrologic modeling results have been well established, there has been very little attention given to sampling impacts on model calibration. To examine the e ects of temporal sampling of rainfall on model calibration, a combination of numerical simulations and calibration experiments have been carried out. A true" runo scenario is established using very high resolution precipitation data and parameters derived from the physical properties of the soils. This scenario is used for calibration of models using longer sampling periods. Point in ltration models were used to isolate the e ects of temporal sampling. Three models were chosen so that the performance of a simple empirical model, a more complex empirical model, and a physics based model could be tested and compared. For these experiments, three sets of soil parameters were chosen to simulate low, medium, and high in ltration capacities. Numerical simulations using parameters based directly on soil properties demonstrated an undersimulation of runo as the precipitation signal is smoothed at lower sampling frequencies. The calibrated parameters which represent the potential in ltration rate or saturated hydraulic conductivity need to compensate for this undersimulation e ect. This impact becomes more pronounced for higher in ltration capacities, as calibration is required to compensate for greater underestimation of runo . The adjustments that are necessary to compensate for the sampling e ect illustrate how some of the physical meaning of the parameters is lost in the calibration process. Since the model parameters which have been adjusted correspond to physical properties of the system, these results demonstrate that it may not be possible to make a priori parameter estimates based solely on physical properties of the system or to use parameters calibrated using data with di erent temporal or spatial sampling. 
Introduction
Estimating model parameters is a di cult, yet critical, step in the use of deterministic hydrologic models. At a p o i n t scale, the physics driving these models are well understood. Ideally, at this scale, the parameters for these models depend solely on the actual physical properties of the system being modeled. However, to be of practical use in modeling applications, these processes need to be lumped at some nite temporal and spatial scale. In practice, hydrologic models are employed at a wide range of scales. For high-resolution modeling of small hillslope areas, a grid cell may represent only a few square meters of the ground surface and inputs may be at a temporal resolution of a few seconds. At the other extreme, a global circulation model may model hydrology at a scale where a grid cell represents hundreds of thousands of square kilometers with daily precipitation as input.
Since most, if not all, rainfall-runo models have been employed at a variety of temporal and spatial scales for a variety of purposes, it has become apparent that hydrologic simulations are quite sensitive to the sampling scale of inputs. Several researchers have noted that poor representation of variability leads to large variation in modeled runo . An early work by Dawdy and Bergman 1969 rst demonstrated a sensitivity to spatial variability using a lumped model. Later studies have reached similar conclusions for physically-based Hortonian in ltration excess Faur es et al., 1995 and Dunne saturation excess Wood et al., 1986 runo mechanisms. The relative sensitivity of these two mechanisms are compared by Winchell et al., 1998 . Woolhiser and Goodrich 1988 showed a similar e ect when examining the representation of temporal rainfall variability. In fact, for small watersheds, model results have been shown to be more sensitive to temporal sampling than to spatial sampling Krajewski et al., 1991 . Although these errors may be smoothed by routing runo through the basin, Wilson et al. 1979 proved that this is not always the case; routing can, in some cases, amplify errors in runo . In addition, the degree of model sensitivity to spatial and temporal sampling can vary. Julien 1993, 1994 linked the magnitude of modeling errors to storm and watershed properties. Furthermore, some runo parameters are less sensitive to sampling resolution than others. Babin 1995 found average annual runo to be quite insensitive to sampling interval while Goodrich et al. 1990 found peak runo rates to be much more sensitive. Finally, Duncan 1993 compared several runo parameters and found that accurate modeling of peak volume and time to peak required better resolution of the rainfall variability than total runo volume.
Although the e ects of spatial and temporal variability on modeling results have been well established, there has been very little attention given to sampling impacts on model calibration. Yet spatial and temporal sampling of model inputs have a pronounced impact on the calibration process Bradley, 1997 . In fact, without being aware of it, the users of hydrologic models may compensate for the loss of spatial and temporal rainfall variability through calibration of model parameters.
In this paper we examine the e ects of temporal sampling on the calibration of model parameters. In order to isolate the e ects of temporal aggregation, point-in ltration models are used to perform numerical experiments. The variability i n sampling e ects among individual rainfall events is examined using high-resolution 10 second precipitation data from a hydrometeorological station in Iowa City.
Methodology and Experimental Design
To examine the e ects of temporal sampling of rainfall on model calibration, a combination of numerical simulations and calibration experiments was carried out. A true" runo scenario is established using the highest resolution precipitation data and parameters derived from the physical properties of the soils. This scenario is used for calibration of models using longer sampling periods.
Data Set
The precipitation data used for these experiments were obtained from the optical raingage in the highresolution surface meteorological station at the Hydrometeorology Laboratory at the Iowa Institute of Hydraulic Research i n I o wa City, Iowa Georgakakos et al., 1994; Krajewski et al., 1998 . Designed to provide data for studies examining the high resolution structure of rainfall and other meteorological data e.g. Habib et al., 1998 , Kumar and FoufoulaGeorgiou 1997 , Venugopal and Foufoula-Georgiou 1996 , Carsteanu and Foufoula-Georgiou 1996 , Kumar 1996 , this station includes a vertically pointing radar, an optical raingage, a tipping bucket raingage, temperature sensor, wind speed and direction sensor, and hygrometer. All instruments sample at a two second resolution. However, for these experiments, the optical raingage data has been aggregated up to a ten second interval to remove the e ect of the time constant of the electronics.
For these experiments, eight storms were taken from the thirteen month period from May 1996 to May 1997. In order to produce runo for a variety of soil textures, the storms were selected based on high peak intensities and long durations. For all storms, data were retained for a twelve hour interval, including no-rain periods before and after these events. Properties of all eight storms are summarized in Table 1 .
To examine the e ects of changing sampling intervals, the precipitation data for these storms was aggregated at a numb e r o f l e v els up to one hour. All aggregations were made by arithmetic averaging, conserving total storm volume at all levels. A representative storm is shown in Figure 1 for ten second and one hour sampling intervals. This gure demonstrates the smoothing the signal undergoes as the precipitation is sampled at longer intervals. The peak intensity i s reduced signi cantly, from 137 mm hr to 12 mm hr for the storm shown. Likewise, the duration of periods with rain is increased, in this case from 7.6 hours to 11 hours.
To simulate a longer record required for true calibration, a calibration record" was constructed by combining all eight storms with an additional six hour drying period between each. Preliminary tests showed that these calibration experiments are relatively insensitive to initial soil moisture conditions. This may be a result of using point models which are intended for use with individual events rather than for a continuous simulation. As a result, a six hour no rain" period appears to be su cient to represent a more typical interstorm period of several days or weeks.
Since these eight events are the most signi cant storms over a thirteen month period, this calibration record may be considered analogous to using a year of data for calibration. However, since most simulations are carried out at a two second timestep, using a six hour interstorm period represents a considerable saving of CPU time. Although it is recognized this is inadequate for a true calibration several years of data are necessary to calibrate an operational model, this longer record does provide a set of e ective parameters that represents an average response of the eight e v ents used.
Models
Point in ltration models were used for performing these experiments to isolate the e ects of temporal sampling on hydrologic model calibration. Three models were chosen so that the performance of a simple empirical model, a more complex empirical model, and a physics based model could be tested and compared.
The rst, and simplest, model used is a Phi-index model Chow et al., 1988 . For this model, a constant rate of in ltration potential is assumed. Since this model is being applied as a point model for a limited soil segment, initial abstractions due to interception by vegetation or other causes have been neglected. This model may be expressed mathematically as:
where f p is the potential in ltration rate and is the constant abstraction rate expressed as a depth per unit time at a point. Hortonian in ltration excess runo is assumed in this model. Thus, any precipitation that does not in ltrate is assumed to immediately run o .
The second model utilized is the Huggins-Monke model Huggins and Monke, 1966 . This model is a more complex empirical model which i n troduces soil moisture as a dependent variable. The equation for potential in ltration rate is:
where f c is the equilibrium or saturated in ltration capacity, T P is the total porosity of the soil, S t is the soil moisture content at time t de ned as the instantaneous volume of water stored per unit volume, and A and P are empirical constants. Once again, Hortonian runo has been assumed. To allow for continuous simulation, including interstorm periods when the soil is drying, a drainage rate, d, is computed from:
where C f is the eld capacity of the soil. A continuous simulation is achieved by using a simple water budget The nal model is the One-Dimensional Princeton Unsaturated Code Unsat1D Celia et al., 1990 . This code uses the mixed" form of the Richards Equation: where s is the saturated moisture content, r is the residual moisture content, is a scaling parameter, K s is the saturated hydraulic conductivity of the porous medium, and n and m are tting exponents.
This model solves the van Genuchten formulation of the Richards equation in one-dimension using a nite di erence approach.
Model Parameters
For these experiments, three sets of soil parameters were chosen to simulate low, medium, and high in ltration capacities. Soil properties were chosen from average values of soils classi ed by the USDA soil textural triangle Rawls, 1985 . Three soils were selected which modeled a large range of in ltration capacities, while ensuring that runo occurs for all storms. The low in ltration capacity parameters are based on the properties of Sandy Clay soils; the medium in ltration capacity parameters are based on Sandy Clay Loam; and the high in ltration capacity parameters are based on Silt Loam. Model parameters corresponding to these soil properties are shown in Table 2 .
Experiments
To examine the e ects of changing temporal sampling of precipitation on model calibration, a series of numerical simulation and calibration experiments were performed. These numerical experiments have been designed to focus solely on sampling e ects on the generation of direct runo without the confounding e ects of model error, measurement error, or interactions with other processes.
For each storm, the true" runo is established by performing a simulation using the high resolution ten second rainfall data and the established parameters for a chosen soil texture. Once this has been done, a new precipitation time series can be constructed at a l o wer sampling frequency. The aggregated rainfall and the true" runo are used to nd optimal parameters for this rainfall sampling resolution. Optimal parameters are found using the Shu ed Complex Evolution SCE-UA algorithm Duan et al., 1992 developed at the University of Arizona.
Based on preliminary experiments, a root mean squared objective function using hourly runo was used to calibrate the parameters shown in Table 2 Holman-Dodds, 1998 . The calibration process is repeated for several sampling time steps e.g., 30 seconds, one minute, two minutes, ve minutes, ten minutes, 15 minutes, 30 minutes, and one hour. These experiments repeat the full simulation and calibration process for all eight storms plus the longer calibration record.
Results and Analysis

Sensitivity of Runo to Temporal Sampling
Since Hortonian runo is driven primarily by rainfall intensity, the storm runo decreases as a result of the smoothing of the rainfall signal caused by aggregation at higher sampling levels. The phenomenon, which has been observed by others e.g. Winchell et al., 1998 , Finnerty et al. 1997 , Michaud and Sorooshian 1994 , Ogden and Julien 1994 , is shown in Figure 2 and Figure 3 . Figure 2 shows the decrease in runo for the Phi-Index model. The variable response of individual storms shown by o p e n s y m bols and dashed lines shows a dependence on storms properties. Storms with greater temporal variability show the smoothing e ects more profoundly. The results for the calibration record shown with solid symbols and lines demonstrates the ability of a longer record to provide an average response for the storms. Figure 3 compares the decrease in runo for the calibration record using all three models. For all cases, the undersimulation of runo becomes less pronounced as in ltration capacity decreases. If one considers the limiting case of decreasing in ltration capacity|an impervious surface|all precipitation would run o regardless of sampling interval. Since total precipitation volume is preserved by the sampling scheme used in these experiments, the runo volume would not change with sampling interval. Conversely, all rainfall in ltrates as the peak intensity decreases to a level below the potential in ltration capacity. This is demonstrated by the large number of events and sampling rates for which the runo has decreased to zero for the highest in ltration capacity.
Since the degree of error exhibited in some of these experiments is unacceptable for realistic modeling, model calibration is needed to compensate for this undersimulation. By adjusting model parameters, the model can produce more realistic runo results.
Model Calibration
Since the Phi-Index model has only a single parameter, the results of those experiments are the most straight-forward and easily interpretable. The calibration results for these experiments are shown in Figure 4 . In this gure, the individual storms are shown with open symbols and dotted lines, while the longer calibration record results are shown with dark symbols and solid lines. Figure 5 compares the calibration results for all three models. In this gure, the calibrated parameters have been normalized by the true parameter value to allow i n tercomparison between models. Table 2 shows the parameters which were calibrated in these experiments.
As these gures show, the potential in ltration rate or saturated hydraulic conductivity , f c , or K s needs to be decreased as the sampling interval is increased due to lower rainfall intensities resulting from the smoothing of the precipitation signal. This impact become more pronounced for higher in ltration capacities, as calibration is required to compensate for greater underestimation of runo . The adjustments that are necessary to compensate for the sampling effect illustrate how some of the physical meaning of the parameters is lost in the calibration process. Since Hortonian runo is intensity-driven, reduced intensities will lead to reduced runo generation. As a result, the soil must be modeled as less pervious to create the necessary runo volumes. Although the three models are structurally very di erent, all have a similar response. Since the model parameters which have been adjusted correspond to physical properties of the system, these results demonstrate that it may not be possible to make a priori parameter estimates based solely on physical properties of the system or to use parameters calibrated using data with di erent temporal or spatial sampling scale.
Calibrated Model Performance
Although calibration of model parameters can certainly improve model results, it is necessary to examine post-calibration model performance. Since only limited data are available, it is not possible to carry out a formal validation process, but examining the results of the calibration process can provide some insight. Figure 6 compares the total runo generated by the calibrated models. Although the results are much improved over the uncalibrated cases in Figure 3 , discrepancies remain. At an hourly time step, the calibrated runo still shows errors of 2 3 for the low in ltration capacity soil, 5 10 for medium, and nearly 30 for high.
A quantitative measure of performance can be given by the post-calibration objective function value. Figure 7 compares this value for the three models. If calibration were able to compensate fully and match hourly runo perfectly, all calibrations would have a nal objective function value of zero. However, as this gure shows, these calibration experiments fall short of this ideal. As the sampling interval increases, the objective function value also increases. As for the calibrated runo , the objective function performance degrades for both larger sampling intervals and more pervious soil textures. This indicates that calibration cannot completely compensate for the loss of temporal variability in the precipitation inputs.
While errors that remain after model calibration for operational model may be modest and within acceptable limits for many applications, it is necessary to exercise caution in the interpretation of modelling results. For example, the models in this experiment were calibrated using only large rainfall events. As a result, they may perform poorly for smaller events. Furthermore, while model developers are well aware of these kinds of limitations, others that use end products from the models may b e less aware. Especially in the global climate modelling community, a large number of research groups use model results from a relatively smaller number of climate models. With the increasing popularity o f p h ysically-based models, some researchers have noted a greater willingness of end users to place blind faith on models based on physics e.g., Beven, 1989; Woolhiser, 1996 . Therefore, it is vital that model users|especially those not involved in model formulation and development| remain aware of these kinds of problems.
Discussion
The rainfall runo relationship is an important part of hydrologic models used in a wide variety of applications. The engineer must use stream ow models as an integral part of the design process, most notably for hydraulic structures. Likewise, meteorologists and atmospheric scientists incorporate land surface hydrology into numerical weather prediction, operational stream ow forecasting, and climate models. Furthermore, the partitioning of rainfall into in ltration and surface ow is an important component that drives large scale land atmosphere models. For many applications, model parameters for physically-based hydrologic models are estimated directly from soil texture characteristics. In fact, this study suggests that parameter estimation may not be this straightforward.
While these idealized experiments are valuable for isolating e ects of individual phenomena, they may not be able to provide speci c strategies that compensate for the complex interactions between parameters or model components. It may be possible to extend the general framework of these experiments to include additional components e.g., overland ow routing, channel routing, base ow, etc.. However, this will result in a larger number of parameters and, correspondingly, higher parameter uncertainty.
However, this work can provide suggestions for improving the modeling process. One approach w ould be to attempt to adjust parameters to account for the simulation time step. The systematic variations observed in these experiments suggest that correction factors could be constructed based on time step resolution and in ltration capacity. Although this type of guidance could be derived directly from these experiments, the results may not be readily applicable to more complex models with greater number of parameters and potential interactions. Further experiments which incorporate increased complexity and possible parameter interaction are needed to determine whether it is possible to isolate individual e ects and to make the necessary adjustments.
Another approach w ould be to explore the potential for reformulating hydrologic models to account for the loss of temporal variability. For example, Nalbantis 1995 o ers guidance for incorporating information from daily hydrologic records into models that operate on shorter time scales. Alternately, for these simple models, it may be possible to derive the expected value of runo based on the probability distribution of precipitation over the simulation time step. For more complex models, it would also be necessary to parameterize the temporal correlation of precipitation. This strategy would allow the model to retain physically-based parameters, but at the cost of increased number of parameters to represent the variability of the rainfall inputs. The potential for e cient parameterization of rainfall uctuations through the use of scaling characteristics of precipitation has been demonstrated by other researchers e.g. Kumar and Foufoula-Georgiou 1997 , Venugopal and Foufoula-Georgiou 1996 , Carsteanu and Foufoula-Georgiou 1996 , Kumar 1996 
Summary and Conclusions
Many applications depend on the use of hydrologic models to simulate the relationship between rainfall and runo . At a point scale, the physical processes which drive these models are well understood. Ideally, these physical processes have parameters that correspond to actual physical properties of the system. However, to be of any practical use, it is necessary for hydrologic models to lump these processes at some nite temporal and spatial scale.
These experiments demonstrate that it is necessary to calibrate parameter values to compensate for the sampling e ects introduced by the temporal lumping of precipitation inputs. In spite of the varying levels of complexity, all three models show a remarkably similar response. Although two of these models are empirical, all calibration parameters examined can be related directly to physical properties of the system. However, as these experiments show, these parameters must also be made to include information about the temporal resolution of the boundary conditions through a calibration process.
Furthermore, the magnitude of the parameter adjustments depend on a variety of factors. Since the precipitation signal is smoothed by longer sampling intervals, a domain in which convective precipitation dominates|compared to one in which there is generally less variability|will require greater parameter adjustment to compensate. In addition, the degree of parameter adjustment is directly in uenced by the original magnitude of the parameter, described here as the soil texture. For a completely impervious surface, no compensation is necessary for temporal effects. However, as the soil surface becomes more pervious, the adjustments required for changing sampling intervals become more signi cant. In general, the di erence in response from changing soil textures or sampling intervals are much more signi cant than the di erences between the three models examined. As a result, it is likely that these conclusions could be extended to a wide range of hydrologic models.
As technological advances bring higher resolution data, it becomes possible to represent model inputs in a more realistic manner with models constructed at ner temporal and spatial scales. One would hope that higher quality inputs would allow these models to produce higher quality outputs. However, to change the resolution of the data in operational models, it is vital to understand the implications of transferring model parameter information between temporal and spatial scales. In most applications, it is not possible to derive parameters directly from physical properties. Likewise, updating a model to incorporate a new precipitation data sources is proving to be far from straightforward. Although calibration of hourly runo volumes partially compensates for the sampling e ects, errors are still present for total runo volumes. indicate that calibration does not fully compensate for precipitation sampling e ects. It appears that the physically based model does not respond to calibration as well as the empirical models for smaller time steps and less pervious soils. However, for the more demanding cases of larger sampling intervals and higher in ltration capacity soils, the physically based model is better able to match hourly runo rates. 
